Abstract: Good quality data on precipitation are a prerequisite for applications like short-term weather forecasts, medium-term humanitarian assistance, and long-term climate modelling. In Sub-Saharan Africa, however, the meteorological station networks are frequently insufficient, as in the Cuvelai-Basin in Namibia and Angola. This paper analyses six rainfall products (ARC2.0, CHIRPS2.0, CRU-TS3.23, GPCCv7, PERSIANN-CDR, and TAMSAT) with respect to their performance in a crop model (APSIM) to obtain nutritional scores of a household's requirements for dietary energy and further macronutrients. All products were calibrated to an observed time series using Quantile Mapping. The crop model output was compared against official yield data. The results show that the products (i) reproduce well the Basin's spatial patterns, and (ii) temporally agree to station records (r = 0.84). However, differences exist in absolute annual rainfall (range: 154 mm), rainfall intensities, dry spell duration, rainy day counts, and the rainy season onset. Though calibration aligns key characteristics, the remaining differences lead to varying crop model results. While the model well reproduces official yield data using the observed rainfall time series (r = 0.52), the products' results are heterogeneous (e.g., CHIRPS: r = 0.18). Overall, 97% of a household's dietary energy demand is met. The study emphasizes the importance of considering the differences among multiple rainfall products when ground measurements are scarce.
Introduction
Precipitation, as the immediate source of water, is the most critical input variable of the water balance. For that reason, it is used in a wide array of models estimating hydrological variables, ranging from runoff and discharge, through drought intensity, down to impacts of climate change. An especially sensitive area of modelling is the estimation of agricultural yields and associated nutritional conditions, as decisions relating to food aid depend on these [1] . Due to the importance of facilitates the exemplary estimation of local staple food production. Finally, nutritional scores are introduced to characterize the nutritional situation of the local population.
Study Area
The Cuvelai-Basin is a transboundary, endorheic watershed that drains the Southern Angolan highlands into Central-Northern Namibia. It covers an area of approximately 172,000 km 2 , 31% of which belong to Angola and 69% to Namibia (Figure 1 ).
Figure 1.
Geographical setting of the Cuvelai-Basin, covering parts of Southern Angola and Northern Namibia. Map elements were derived from [27] [28] [29] , while basin boundaries are based on SRTM90 data from [30] .
Most of the rivers are seasonal, especially between the towns of Ondjiva and Oshakati, where most of the population is located. Mean annual rainfall varies strongly across the basin with an increasing gradient from the southwest to the northeast. The central area has a mean annual rainfall depth of about 495 mm at the Okatana station, located in Central-Northern Namibia [31] . Seasonal variations in rainfall are typical, with a pronounced rainy season from October to April and a dry season in the southern hemispherical winter months. Inter-annual rainfall variability is high: numerous drought events were recorded in the late 1980s and mid-1990s, and also more recently between 2012 and 2015 [32] , while ongoing drought conditions prevail due to the effects of El Niño. The total population of the basin on either side of the border is approximately 1.8 million [33, 34] that mainly lives in rural areas with a high level of subsistence agriculture. Rain-fed farming of local varieties of pearl millet, inter-cropped with sorghum, maize, and a range of vegetables is the main agricultural activity. Taking rainfall onset variability into account, farmers use multiple planting dates from November/December through to January in order to minimize the risk of crop failure. Nevertheless, average yield is low with values between 100 and 400 kg/ha [35, 36] which often only meets the domestic food demand on the household level. Livestock herding constitutes the second important pillar of livelihood activities and plays an important role in the socio-economic and cultural settings [27] . Local hydro-climatic conditions in this semi-arid environment are, thus, key to sustaining water and food security among a large section of the population [37] .
Local Rainfall Observations
Good quality data on precipitation in terms of spatial and temporal coverage is a prerequisite for a range of applications, in particular hydrological and agricultural modelling [8, 38, 39] . Rain gauges are the primary and most reliable source of information on precipitation at a certain location, often measured via tipping-bucket techniques as one element of multi-purpose meteorological stations.
Meteorological station networks in Europe, North America, South Asia, and Australia provide particularly good spatial coverages and long time series spanning more than one hundred years [3] . Sub-Saharan Africa, however, does not have an extensive meteorological station network, and some regions have no station at all. However, this problem is not necessarily caused by a lack of infrastructural development. The Angolan civil war from 1975 to 2002 [40] , for instance, coincides temporally with a massive drop in the availability of meteorological station records compared to the late 1960s when the country already enjoyed good station coverage [41] . The current distribution of meteorological stations within the Cuvelai-Basin is heterogeneous. Rainfall data from gauge measurements provided by the Namibian Meteorological Service [31] are available for the Namibian part of the Cuvelai. These time series have data gaps, but the information from a few stations near major settlements and the Etosha National Park in the central-north extends back to 1901. The Angolan part did not have any official stations, which is why the SASSCAL WeatherNet initiative (Southern African Science Service Centre for Climate Change and Adaptive Land Management) recently set up a number of meteorological stations in order to improve the monitoring infrastructure [41] .
Since rain gauges provide point information, they only give a good indication of rainfall at a specific location. Reliable estimates for spatial rainfall patterns, however, require the interpolation of point information. Interpolation of rainfall is commonly performed using different methods, depending on the availability of station data, type of input, and auxiliary information. On the one hand, univariate methods, such as inverse distance weighting (IDW), Thiessen polygons, or Ordinary Kriging, are simple to apply and only require precipitation as an input variable. On the other hand, multivariate models, such as geographically-weighted regression or artificial neural networks, are more complex and require additional information, since they incorporate further explanatory variables, such as elevation [39] . While the more complex, multivariate interpolation schemes have been found to provide good results, IDW is a common interpolation method for monthly and annual precipitation data [39, 42] and provides sufficient results for the purpose of this study. The IDW technique builds upon the spatial correlation of rainfall occurrence, meaning that the validity of point data is reduced with increasing distance from its source location. The measured rainfall depth z at location x i is, thus, weighted (λ i ) with the distance d i0 between the station's location and the ungauged point of interest x 0 [39] . The interpolated rainfall for a specific location z(x 0 ) in between stations can thus be calculated by summing the weighted rainfall values of the surrounding stations as:
where n is the number of observed data points. The weights are derived from the relative distances as:
Processing was conducted using the 'gdal_grid' interpolation tool in QuantumGIS 2.14 [43] and the 'raster' package 2.3-40 in the software environment R [44] .
Rainfall Products
The use of RPs in data scarce regions is a popular approach in science and practice for various purposes. Today, many RPs are available, differing in terms of platforms, sensors, processing algorithms, spatial and temporal resolutions, and auxiliary information. To contribute to the ongoing evaluation of performance of all these products in different regions, this study makes use of six publicly available RPs, namely ARC 2.0, CHIRPS 2.0, CRU-TS 3.23, GPCC v7, PERSIANN-CDR, and TAMSAT (Table 1) . The RPs under consideration make use of varying methods to estimate rainfall. In the following, major characteristics and differences among the products are briefly presented. Overall, the products make use of infrared sensors (IR) and passive/active microwave imagers (MW). As satellite rainfall estimates are still highly uncertain compared to ground data, most products calibrate their data using existing rain gauge (RG) station data.
The Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR) product primarily builds upon IR data obtained from satellite sensors to estimate cloud temperatures since cold and high cloud tops indicate rainfall. The artificial neural network processing algorithm utilizes this correlation to estimate surface rainfall on a daily basis and a spatial resolution of 0.25 • . Monthly RG data is incorporated from Global Precipitation Climatology Project (GPCP) to further adjust the rainfall estimates [50] . The TAMSAT data product (Tropical Applications of Meteorology using SATellite data and ground-based observations) [49] measures the duration of cloud temperature below a certain threshold over a 10-day period. The correlation function differs across Africa, as the continent is split into multiple homogeneous climate zones which vary with every calendar month. The final product provides daily rainfall estimates at a 0.0375 • resolution [51] . The African Rainfall Climatology (ARC) version 2.0, measures cold cloud cover in a 24 h period and assumes a constant empirical rain rate of 3 mm·h −1 to provide daily estimates on a 0.1 • grid resolution. It is closely linked to the Rainfall Estimator (RFE) product, which is used by FEWS NET for early warning purposes [47] . CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data), uses the IR data to calculate cold cloud duration as well, but divides it by the mean long-term cold cloud duration precipitation estimates of TRMM 3b42 (Tropical Rainfall Measuring Mission). This results in a percent precipitation estimate that displays the deviation from normal. The percentages are then multiplied by long-term monthly average precipitation values and calibrated with in situ observations to offer a higher degree of accuracy and provide daily rainfall data at a fine spatial resolution of 0.05 • [45, 52] .
In addition to the products that build upon remotely-sensed information, this study includes two products that build upon a global network of several thousand meteorological stations and provide time series that span more than 100 years. The Global Precipitation Climatology Centre Full Data Product (GPCC v7) incorporates around 75,000 meteorological stations and provides a gridded data product at 0.5 • resolution and monthly time steps for the period from 1901 to 2013 [46] . The climate product from the Climate Research Unit (CRU-TS 3.23) provides 0.5 • gridded estimates on monthly rainfall, temperature (mean, min, max), as well as vapor pressure, cloud cover, rain day counts, and potential evapotranspiration [48] .
For all of the RPs considered, data processing, including data format transformation, quality control, and resampling at 0.05 • grid resolution, was performed using the R 'raster' package [44] .
Time Series Calibration
Direct measurements of precipitation, as commonly obtained from rain gauges, are the most reliable information on local rainfall amounts. Observations from weather radar systems and satellite-borne sensors, however, show deviations in estimated rainfall compared to in situ measurements from ground stations that have to be accounted for. These indirect measurements have to be calibrated with other sensors data (e.g., rain gauges) to obtain rainfall estimates [53] . Several techniques for bias correction are available, from simple linear adjustment methods where the adjustment of estimated rainfall is performed by considering the ratio between direct and indirect measurements to long-term static (e.g., arithmetic mean ratio, geometric mean ratio) and short-term dynamic adjustment factors [54] .
Due to limited ground data availability to adjust the RPs, spatially, the calibration procedure was conducted by falling back on a single time series from Okatana station in Northern Namibia. As the study intends to explore the uncertainty that is introduced by the RPs in a modelling stage, this pragmatic approach is required to feed the crop model with both ground data (from Okatana station) and calibrated rainfall estimates. Hence, the following sections will provide details on the calibration procedure performed. Before calibration, the two monthly product time series from CRU and GPCC are disaggregated to daily values, using a multiplicative cascade model (CM). Subsequently, all daily product time series are calibrated to the observed daily rainfall time series from Okatana station using the quantile mapping (QM) technique.
Cascade Model
As this study uses the RPs' estimates for crop model, daily data were obtained for four out of the six products. Only CRU and GPCC are solely available on a monthly basis and, hence, require disaggregation to obtain daily rainfall estimates. Therefore, a multiplicative, micro-canonical cascade model [55] was used for the rainfall disaggregation. The model has been used before for rainfall disaggregation over a wide range of scales, e.g., from monthly to daily values [56] , as well as from daily to hourly values [57] and to 5 min values [58] to generate input for rainfall-runoff-modelling [58, 59] . The rainfall amount of one time step is divided into b finer time steps of equal length (with b = branching number, see Figure 2 for a schematic illustration). With b = 2 throughout the whole disaggregation process, a daily resolution can only be achieved under the assumption that every month consists of 32 days. Hence, "additional" days in the time series (19 for each year) are removed afterwards on a monthly basis by deleting the first dry day(s) to obtain accurate month lengths. The rainfall amount is conserved exactly during the disaggregation process, so an aggregation of the disaggregated time series would result in the original time series. However, to cover the random behavior of the disaggregation, 80 realizations for each dataset have been created (after 80 realizations the dry spell duration shows only slight changes for the median value as well as maximum and minimum).
The model parameters are estimated from the observed time series at Okatana station. For a more detailed description of the cascade model, the interested reader is referred to [57] .
To evaluate the performance of the disaggregation, the observed time series at Okatana station was aggregated from daily to monthly values (32 days) and afterwards disaggregated from monthly to daily values again. This enables comparisons between observed daily values and the disaggregated time series at the same location. The rainfall characteristics for this case show good results in terms of rainfall generation for the number of wet time steps (relative error of −8%), average intensity (9%), and number of dry intervals (1%). 
Quantile Mapping
The Quantile Mapping technique adjusts the statistical characteristics of the products' rainfall estimates (e.g., arithmetic mean, standard deviation) to the observed time series. It corrects the distributions of the RP's daily precipitation estimates (P rp ) with the distribution of observed daily precipitation at Okatana station (P os ) [60] . The QM technique is mainly applied and evaluated for calibration purposes in global and regional climate models, as well as hydrological contexts [53, [61] [62] [63] [64] .
The transfer function h is used to map the original RP values to the ones of the observed time series, following the equation:
As the distribution of P rp is known, the transformation is carried out as:
with F rp being the cumulative distribution function (CDF) of P rp and F −1 os being the inverse CDF of P os . Instead of relying on parametric distributions, empirical CDFs for the RPs' time series and Okatana station were used [53, 60] . In this regard, the respective CDFs and the corresponding QM parameters were estimated on a monthly basis ( Figure 3 ). This means the available time series at Okatana station from 2001 to 2009 was split into the twelve months from January to December and specific QM parameters were derived for each of the twelve months. The mapping of daily RP values was then performed using the non-parametric transfer functions of the month-specific QM parameters. This ensures a better fit to monthly rainfall characteristics which is particularly relevant in semi-arid environments that show pronounced dry periods. Overall, the QM procedure was carried out by applying a Monte Carlo cross-validation using 100 model runs for each rainfall product. Each time, the available time series of nine years (2001-2009) was randomly split into seven years for calibration and two years for validation. Based on the mean absolute error (MAE, Equation (5)) between the observed and the RP time series in the validation dataset, the best QM transfer function was identified and applied to the entire product time series. Each of the 80 realizations for CRU and GPCC were also cross-validated using the Monte Carlo technique. The entire procedure was carried out using the 'qmap' package [65] .
Rainfall Statistics
For the purpose of evaluating the performance of the calibration procedure, the subsequent rainfall statistics were calculated before and after calibration. Alongside the MAE as a standard measure of model performance using the equation [66] :
where e is the absolute error term, and other key statistical parameters were evaluated that are relevant for crop modelling in semi-arid environments. In this regard, only the rainy season from October to April was analyzed. First, the mean dry spell duration (days between two rainfall events with at least 1 mm of rainfall) was calculated. Second, the number of rainy days (minimum of 1 mm rainfall) was assessed as annual averages. Third, the daily maximum precipitation was calculated as well as fourth, the mean daily rainfall intensity. Last, the average onset of the rainy season was assessed, using the threshold of at least two days of rain with a minimum of 5 mm.
Crop Growth Model
The six calibrated, daily RPs and the observed time series at Okatana station are used as input for a crop growth model to assess and analyze the uncertainty between the time series when modelling staple food yields and corresponding nutritional scores in the study area.
The Agricultural Production Systems Simulator (APSIM) [26] model was chosen as an appropriate tool to model millet yield in the Cuvelai-Basin, since it was successfully applied to smallholder systems in semi-arid environments of Sub-Saharan Africa [67] [68] [69] [70] . APSIM is an easy-to-use crop model which offers pre-defined crop configurations that can be adjusted according to data availability. In addition to daily precipitation, the model requires input data of maximum and minimum daily temperature and surface solar radiation. Information on temperature ( • C) were derived from the Climate Research Unit dataset (CRU TS3.23) [48] and linearly interpolated from monthly to daily values. Information on daily surface solar radiation (MJ/m 2 ) was derived from monthly cloudiness data from the CRU TS3.23 dataset, as well. The transformation from cloudiness information (% cloud cover) to surface solar radiation was performed using the Supit-van Kappel approach [71] , implemented in the R package 'sirad' [72] and calibrated with location-specific empirical constants from short-term time series at recently installed meteorological stations from the SASSCAL WeatherNet [73] .
As empirical field level data on soil characteristics were not available to the current study, the model's soil component, in particular the soil water characteristics were configured using the ISRIC World Soil Information Database [74] and information on local field management techniques [75] . The planting date was set to be variable in the window from 1 December to 31 January, based on the threshold of at least 5 mm rainfall within 2 consecutive days. Table 2 depicts the key soil characteristics that were obtained from the ISRIC database at the location of Okatana station. Empirical pedotransfer functions [76] that are used in the Water Evaluation and Planning Software were applied to calculate soil water characteristics. The air dry conditions were assumed to be 50%, 80%, and 100% of LL15 for the first, second, and deeper soil levels, respectively [77] . Overall, model configuration was kept constant in all model runs, except the precipitation input that was taken from the six RPs and the Okatana time series. As CRU and GPCC were disaggregated from monthly time series, the 80 realizations of each product were processed in APSIM, while the output in yield was averaged. The yield estimated by the APSIM model was compared to official millet yield data from Central-Northern Namibia for validation. The data is provided by the Agricultural Statistics Bulletin of the Namibian Ministry for Agriculture, Water and Forestry (MAWF) for the period 2000-2009 [36] . Other sources of yield data are available, such as FAOSTAT and the Namibian Agronomic Board. However, the information provided on these platforms is insufficient to determine the origin of the yield data, if it is a national average, measured in northern Namibia or obtained from other parts of the country. The MAWF dataset was then preferred for the validation.
Nutritional Scores
Characterizing the nutritional situation of individuals or groups, particularly in the context of developing countries, is a major issue of scientific debate. Numerous indicators exist to assess food security conditions or the nutritional status. These include but are not limited to the FAO Indicator of Undernourishment (FAOIU), the Poverty and Hunger Index (PHI), the Diet Diversity Scores (DDS) [78] , and the Integrated Food Security Phase Classification (IPC) adopted by the Famine Early Warning System Network (FEWS NET) [79] . The selection of appropriate indicators is important when it comes to the empirical investigation of the effect of agriculture on human nutrition [80] . Recent reviews give an overview of indicator sets used by researchers to empirically assess nutritional status. These indicators cover the areas of anthropometry, biochemistry, diet and food consumption, and food security [15, 81, 82] .
For the purpose of characterizing the nutritional status of households in this study, simple nutritional scores were calculated for dietary energy and the macro-nutrients proteins, lipids and carbohydrates. In this regard, a household's demand for food was measured against the potential quantities of millet that can be produced in a subsistence farming system of the Cuvelai-Basin. First, the results of the APSIM model runs (kg/ha) are extrapolated to the average farming area per household in the Cuvelai-Basin of about 2.4 ha [83] . The total yield is subsequently transformed into nutritional indicators as referenced in the United States Department of Agriculture (USDA) National Nutrient Database for Standard Reference [84] . Respective values for millet are given in Table 3 , based on USDA reference number 20031. Table 3 . Daily dietary demand for energy, proteins, lipids and carbohydrates, subdivided into different age and gender groups. The household average (HH-AV) is given according to the mean household composition (gender and age) in Central-Northern Namibia according to the recent census [33] . The nutritional content of millet refers to one kilogram of raw material [84] .
Classes Dietary Energy (kcal)
Proteins ( Second, a household's demand for dietary energy, and particularly for the macronutrients proteins, lipids, and carbohydrates, were estimated to generate a wider picture of human nutrition. Assessments of nutritional status commonly apply nutritional benchmarks to assess the adequacy of food items available to individuals or groups [85] . However, since these benchmarks neglect the importance of physical activity levels as part of the total energy expenditure [86] , and only seldom account for other nutritional indicators such as macro-nutrients, this study adopts the concept of dietary reference intakes (DRI) [87] . Herein, the estimated energy requirements (EER) [88] and acceptable macro-nutrient distribution ranges (AMDR) are considered for specific age and gender groups within a certain population. EER benchmarks represent the amount of dietary energy "that is predicted to maintain energy balance in a healthy adult of a defined age, gender, weight, height, and level of physical activity consistent with good health" [87] . To incorporate the important role of macro-nutrients in the provision of dietary energy, group-specific AMDR benchmark values were calculated. "An AMDR is defined as a range of intakes for a particular energy source that is associated with reduced risk of chronic diseases while providing adequate intakes of essential nutrients" [87] . The nutritional benchmarks are represented in Table 3 , row 4 based on the assumption of an average household size of 5.5 people and a specific age and gender composition, derived from the last census of Namibia in 2011 [33] .
Results
This section is divided into four major parts. First, the precarious endowment of the Cuvelai-Basin with reliable rain gauge stations is presented. The second sub-section shows the estimated rainfall of the six products and their specific spatial and temporal characteristics. Therein, calibrated and uncalibrated time series are evaluated against each other. The third sub-section focuses on the results of the APSIM model. The estimated yields are compared to official millet yield data. Fourth, the derived nutritional scores are presented with special emphasis on the fulfilment of a household's dietary energy demand and its range of uncertainty.
Local Rain Gauge Measurements
Local rainfall data from gauge stations are available for part of the Cuvelai-Basin [31] . Although the sparsely available rain gauge measurements provide long-term rainfall time series, they do not capture well the spatial rainfall variability in the study area. For clarification of this problem, Figure 4 shows the result of the inverse distance weighting (IDW) interpolation, including stations that-in the period 1980-2009-encompass at least 20 years with complete monthly data records (without any data gaps). The maps indicate the average rainfall for the months of the rainy season from October to March. Only a fraction of the entire basin can be described with respect to its long-term mean precipitation conditions, as meteorological stations in the north and the west do not provide sufficient data. Even the rectangle in the southeast of the basin is biased, as most stations are located in the south, while only one station provides information on areas further north. Hence, limited opportunities exist to provide a comprehensive picture on average rainfall conditions for the basin that stems solely from rain gauge measurements. For this reason, other options to retrieve rainfall data are outlined in the following sections.
With respect to suitable ground data for RP calibration, daily rainfall data are required. While the stations used for spatial interpolation provide monthly rainfall data for longer periods, they only offer daily data from 1999 to 2010. Table 4 
Estimated Rainfall
The low quality of available rain gauge measurements necessitates the use of RPs to estimate rainfall conditions for the basin as a whole. Figure 5 presents the uncalibrated annual rainfall as estimated by each of the products. Although the maps show the varying spatial resolution of the products, a consistent spatial pattern is apparent with increasing rainfall from the southwest to the northeast. This spatial pattern, captured by the raster images in Figure 5 with an increasing mean annual rainfall to the northeast, correlates strongly among the products when comparing the raster cell values from one product to another. In this regard, each RP has a Pearson correlation coefficient with every other product of at least r = 0.9. Likewise, considering the basin's mean annual rainfall as the average raster cell values per year, all RPs show a similar signal over time, with a Pearson coefficient of at least r = 0.73 among the products.
Despite these similarities, differences still exist. The absolute amount of mean annual rainfall differs among the products. Particularly the lowest (TAMSAT, 390 mm) and the highest values (PERSIANN, 544 mm) differ with a range of about 154 mm. Together with CHIRPS, CRU, and GPCC the PERSIANN product estimates higher amounts of rainfall, especially beyond the basin's boundary in the far north where more than 900 mm are estimated. In comparison to low values of around 200-300 mm per year in the south, this gradient is a key factor of the basin, characterizing the north as rather humid, while the south is semi-arid.
Overall, rainfall occurs during the rainy season between October and May, while the winter months are rather dry. The quarterly plots in Figure 5 show that the fourth quarter (OND) receives less rainfall than the first quarter of a year (JFM). This is particularly relevant for local farmers to decide upon planting which normally starts around December and January, offering the crop favorable water conditions during the growing period in the first months of a year. This quarterly pattern is well reproduced again by all RPs, with TAMSAT being the one with the lowest absolute estimates.
The RPs presented above are calibrated to the observed rainfall time series from Okatana station in Central-Northern Namibia. Prior to this, the CRU and GPCC products were disaggregated from the monthly to the daily scale. Afterwards, they were treated in the same way as the other RPs. The QM calibration technique aligns key rainfall characteristics to the observed time series. The plots on the right present the monthly precipitation, averaged over the available nine years. In particular, the months January, February, and March, as well as November and December, show deviations among the products before calibration. After the QM procedure, all deviations in the monthly average values were reduced and aligned to the Okatana time series (lower right plot). Exemplarily, the MAE between the observed and the estimated monthly averages is reduced from 6.20 to 2.94 mm. Nevertheless, a perfect fit cannot be obtained, as the selection of the best transfer functions is based on the QM model's performance in the validation dataset. Hence, not all data of the available nine years serve to parameterize the transfer functions resulting in persisting residuals. Since the month of February still shows the largest deviations after calibration, Figure 7 presents the frequency distributions of the month's daily rainfall. All products improve, as the frequency distributions are better aligned to the observed one. As observable in Figure 6 , in particular the PERSIANN product overestimates the frequency of small rainfall events (<10 mm/day) before calibration. The rainfall statistics confirm a better fit to Okatana station data. Table 5 presents key rainfall characteristics, comparing the uncalibrated and calibrated RP time series to the observed one from Okatana station between the years 2001 and 2009. Overall, the QM calibration procedure improves most of the statistics, compared to the raw data. This is particularly true for the number of rainy days and the rainfall intensities that improve for all RPs. Only the fit of the ARC product in terms of the dry spell duration and average daily rainfall slightly decreases. The latter is also true for the GPCC product. With regard to the MAE, the CHIRPS and TAMSAT, as well as CRU products, slightly decrease in performance, while all other products are enhanced. 
Estimated Yield
Having presented the rainfall results in the previous sections, the following ones now focus on the estimated millet yield from the APSIM model runs. Therein, the six RPs were used as model input and compared to official millet yield data. It has to be noted that the 80 disaggregated and calibrated time series from CRU and GPCC were all processed in the APSIM model. The results were averaged (median) over all model runs to obtain a final, product-specific result. Figure 8 compares the APSIM model results that use the uncalibrated (upper plot) and the calibrated rainfall estimates (lower plot). Despite the deviations in absolute yield, the crop model performs well in estimating the extraordinary low yields from subsistence agriculture in Northern Namibia [35] . Nevertheless, the median values of the calibrated products range between 264.74 kg/ha (CRU) and 363.08 kg/ha (CHIRPS) compared to 208.88 kg/ha, as officially recorded. In comparison to the modelled yield that used the uncalibrated products, the results of the calibrated ones show smaller distribution ranges and fewer failed harvest events. Overall, these results fit better to the model results that make use of the observed rainfall time series from Okatana station. While most products score above 300 kg/ha, the CRU and GPCC products score below this threshold. This is primarily triggered by the fact that some of the 80 APSIM model runs failed and produced no harvestable yield, resulting in a decreased overall product performance.
In terms of temporal consistency, the reader is referred to Figure 9 in the following sub-section that depicts the yield results in terms of nutritional coverage ratios. Against the background of the study's design in which no crop model calibration could be performed with on-site data, the APSIM model configuration can be regarded as suitable, since the modelled yield that uses rainfall data from Okatana station shows a moderate correlation with the official data (r = 0.52). With regard to the calibrated products, the modelled yields only achieve Pearson correlation coefficients of up to 0.18 (CHIRPS). The official yield time series largely scores below the RPs and shows a higher inter-annual fluctuation ( Figure 9 ). This fluctuation can be explained by drought and flood events that had an impact on agricultural production. While the years 1995, 2003, and 2013 are known as drought years [32] , the years 2008 and 2009 were recorded as flood years and, hence, potentially caused reduced yields [35] . In these flood years, however, the precipitation conditions would have made higher yields possible as indicated by the RPs' results. In particular, the adverse impact from flood events is not captured in the crop model and may explain part of the deviations between modelled and officially-observed yields. 
Nutritional Scores
The estimated yields from the APSIM model runs were transformed into nutritional supply indicators for dietary energy, proteins, lipids, and carbohydrates. These indicators were measured against the nutritional demand of a typical Cuvelai household to obtain nutritional scores. Figure 9 shows the degree of fulfilment of a household's dietary energy demand over time from 1984 to 2013. The red line represents the median degree of fulfilment by considering all model runs, while the light red area indicates the domain of uncertainty, generated by the model results of the individual RPs. The specific nutritional scores estimated by the products are depicted in light grey. For the purpose of comparison, the green line indicates the degree of fulfilment based on the observed data of millet yield from Central-Northern Namibia (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) .
It becomes obvious that the degree of fulfilment fluctuates around the total fulfilment of the dietary energy demand with an average of 97%. However, differences are apparent for a range of years. In this regard, Figure 9 shows large differences in 1987 and 2004. In these years, the PERSIANN and ARC products fail in generating yield as limited soil moisture prevents the crop from germinating. Both products show longer dry spell durations and fewer rainy days compared to the observed data (Table 4 ) which might be an explanation for model failure in specific years. The year 1993 stands out in which all products point to low yield and, hence, a critical energy demand fulfilment of only 68% (median). This year is well known to be a severe drought year, particularly affecting the agricultural production of the northern regions [32, 89] . The remaining years show heterogeneous RP signals, while the median stays rather constant around 90-100% of fulfilment. The same temporal signal is valid for the other macro-nutrient indicators. Based on the nutrient content of the millet plant, however, the mean degree of fulfilment of a household's protein, lipid, and carbohydrate demand differs from the dietary energy demand (114%, 49%, and 167%, respectively).
Discussion
The interpolation of available rainfall data from gauge stations in the Cuvelai-Basin uncovered a deficit in the spatial endowment with meteorological stations. The Angolan part of the basin is poorly equipped, while the Namibian side manifests better coverage. Anyhow, the last years showed an improvement of the data situation. Despite this progress, no reliable estimate on current and past rainfall can be obtained from the station network for the basin as a whole. The use of RPs is, therefore, necessary to perform a range of applications in the field of hydrological and agricultural modelling.
The disaggregation technique applied in this study to obtain daily rainfall estimates from monthly aggregates proved to be a promising opportunity for application in agricultural modelling. Though it was predominantly used on smaller time scales before (disaggregation of daily data) and requires a higher computational effort (in this study, 80 realizations were generated for CRU and GPCC products, each), the disaggregated daily rainfall estimates were largely able to reproduce the characteristics of the observed time series. This is particularly true when considering the final rainfall time series after the calibration procedure. The quantile mapping calibration technique, offers a feasible solution to obtain rainfall estimates that are aligned to key statistics of observed time series. Especially, parameters such as dry spell duration, rainy day count, and onset of the rainy season, are important determinants for crop model applications that can be improved using the QM methodology.
Nonetheless, the RPs still show differences, notably in terms of absolute rainfall on daily, monthly, and annual levels. These differences stem from multiple influencing factors, such as sensor types, processing algorithms, and spatial resolutions. As in the case of the ARC product, the fixed rainfall rate of 3 mm·h −1 might only be the correct correlation between cloud cover duration and precipitation at some locations. While it proves very accurate for the Sahel zone [90] , and satisfactory for some locations in Central Africa [91] , it underestimates precipitation in comparison to station data in Eastern Africa [92] and in rain shadows [91] . Likewise, the other products build on certain assumptions that might not perfectly fit the conditions of a particular study site. Hence, the calibration of RPs with locally-observed rainfall data is a prerequisite. Furthermore, research into the suitability of other RPs, such as CMORPH [93] and MSWEP [94] that are also used for studies in Africa, constitute valuable prospects for further analyses.
The different rainfall signals have an impact on subsequent modelling stages, as shown in the exemplary APSIM crop model. Though the modelled yield does not entirely reproduce the observed data, the results are reasonable first estimates for the nutritional situation in the Cuvelai-Basin. However, the quality and reliability of the official time series on millet yield must also be regarded as questionable as auxiliary information on how the data was assessed (e.g., location, timing, and sampling) is not available. Overall, this study fell back on auxiliary information from a literature survey and a large-scale soil property dataset to configure the crop model. Model performance can be enhanced by calibrating the model with locally-collected data on soil water and plant growth characteristics, and with management practices in terms of plant density, planting depth, and date of planting. In conjunction with the consideration of third variables such as the effect of flooding, model performance can potentially be enhanced.
All in all, the results provide insights into the nutritional situation of a typical household in the Cuvelai-Basin from a remote sensing perspective. Recent food consumption assessments show that subsistence grain farming is not necessarily capable of constantly fulfilling a household's nutritional demand [95] . This is confirmed by the official and the modelled yield results, both of which manifest a fluctuating fulfilment of demand. Although the dietary energy demand of a typical Cuvelai household is almost met on average, the provision of lipids is not sufficient. Here, other food sources, such as animal products, vegetables, and purchased groceries, complement the diet obtained from subsistence farming.
Conclusions
This study explores the uncertainty among six rainfall products in the Cuvelai-Basin. It compares the rainfall estimates to locally-observed time series and performs quantile mapping to calibrate key rainfall characteristics. As a result, the RPs correlate well with the observed rainfall (r = 0.84) and better reproduce dry spell durations, rainy day counts, and rainfall intensities. Nevertheless, the persisting differences among the products percolate through the exemplary crop model into the final results of millet yield and associated nutritional scores. The crop model reproduces the extraordinary low yields from the study area and, in particular, the temporal fluctuation of the observed yield when ground data on rainfall from Okatana station are processed (r = 0.52). The individual products' performances, however, are rather heterogeneous with CHIRPS performing best to capture the temporal yield signal (r = 0.18). Translated into the fulfilment of a household's dietary energy demand, 97% can be met on average. Nevertheless, high annual fluctuations are apparent due to input data uncertainty. Overall, this study makes contributions to the field of rainfall data analysis, agricultural modelling, and food security monitoring.
First, it shows that rainfall products entail uncertainties due to differences in sensor techniques, processing algorithms, and spatial and temporal coverage and resolution. These have to be taken into account when RPs are used for further processing. Since in situ measurements of rainfall are scarce in large areas of SSA, modelers need to fall back on rainfall products to perform their calculations. In these cases, the selection of an appropriate rainfall product must be made explicit, since multiple options exist, all leading to different results. Thus, in the absence of observed data with which to identify the most accurate RP, precedence should be given to a multi-model approach to account for inter-product uncertainty.
Second, crop models that are driven by high-resolution rainfall data and auxiliary information provide promising opportunities for the identification of food insecurity hot spots. The results presented in this study can be made spatially explicit by incorporating census information on household characteristics, such as household size and composition, farming area, and agricultural activities. Applying seasonal rainfall forecasts to the model may help to improve early warning capabilities, against the background of the minor role crop models play in the current configuration of famine early warning systems [1] . Reducing data input uncertainty improves the accuracy of current models and consequently advances the precision of predictions for the future.
Third, the coverage of rain gauge stations in Sub-Saharan Africa is insufficient for a range of modelling and monitoring purposes. Hence, prompt extension of the current station network is required to improve short and long-term capacities for tackling food security challenges.
